Existing image completion methods are mostly based on missing regions that are small or located in the middle of the images. When regions to be completed are large or near the edge of the images, due to the lack of context information, the completion results tend to be blurred or distorted, and there will be a large blank area in the final results. In addition, the unstable training of the generative adversarial network is also prone to cause pseudo-color in the completion results. Aiming at the two above-mentioned problems, a method of image completion with large or edge-missing areas is proposed; also, the network structures have been improved. On the one hand, it overcomes the problem of lacking context information, which thereby ensures the reality of generated texture details; on the other hand, it suppresses the generation of pseudo-color, which guarantees the consistency of the whole image both in vision and content. The experimental results show that the proposed method achieves better completion results in completing large or edge-missing areas.
Introduction
Image completion technology is designed to synthesize the missing or damaged areas of an image and is a fundamental problem in low-level vision. The technology has attracted widespread interest in the field of computer vision and graphics because it can be used to complement occluded image areas or to repair damaged photographs [1, 2] . In addition, it can erase distracting scene elements or adjust the object position in the image for better composition, or restore the image content in the occluded image area [3] [4] [5] . These and many other editing operations require automatic completion of missing areas, but due to the inherent ambiguity of the problem and the complexity of natural images, it is still a challenging task to synthesize content with reasonable detail for any natural image. At present, although many methods for image completion have been proposed, such as sample-based [6] [7] [8] [9] and data-driven [4, 10, 11] image completion, problems remain. Not only does the texture pattern need to be completed, but the structure of the scene and the object to be completed must be understood.
In the past, the main method of image completion was to copy the existing image block in the uncorrupted area to the missing area. However, this method can achieve effective results only when the image to be complemented has a strong structure, the texture information such as the color of each region has strong similarity, and the missing region has a regular shape [12] [13] [14] [15] [16] . This approach has significant limitations for image completion work with complex structures and contents. Therefore, the method of intercepting an image block directly from surrounding information is not versatile.
Deep learning has advanced substantially and been used in image completion due to the strong learning ability of deep neural networks. The usual deep learning-based image completion methods are completed by the generation adversarial network (GAN) [17] . The generator and discriminator in GAN can generate clear and reasonable texture content [18] [19] [20] . However, the existing GAN-based image completion methods have important limitations. GAN adopts an encoder-decoder structure in are completed by the generation adversarial network (GAN) [17] . The generator and discriminator in GAN can generate clear and reasonable texture content [18] [19] [20] . However, the existing GAN-based image completion methods have important limitations. GAN adopts an encoder-decoder structure in which two fully connected networks (FCNs) are used as intermediate layers connecting two structures. However, the existing image completion methods using GAN cannot maintain the consistency of the image space structure and context information. Therefore, most of the methods proposed above can only synthesize content with a small missing area, and the synthesis method depends on the low-level features of the image. Additionally, the input can only be a fixed-size picture. When the corrupted image has a large missing area, a complicated structure, or is located at the border of the image, the result is not ideal.
To solve the above problems, Iizuka et al. [21] proposed a globally and locally consistent image completion method. However, when the areas of the missing regions are large, it will generate distortion and blurred results. Notably, when the missing areas are located at the edge of the image, the results will have blanking and color distortion due to the lack of surrounding information and the instability of training (Figure 1 ). To solve the problems of completing large missing areas or regions located at the border of the image, and overcome the problem of unstable training of adversarial network, this paper proposes an image completion method with large or edge-missing areas, and makes improvements of the network structure used in Iizuka's method. The contributions can be summarized as follows:
• First, by separating the middle region of the preliminary complemented area and inputting it into the local discriminator for adversarial training overcomes the problems of the existing method, such as ambiguity and distortion when the missing areas are large. It not only ensures the authenticity and clarity of the content of the central area, but also guarantees the local consistency between the central area and surrounding area. • Second, based on the existing network structure, we add a local discriminator 2 to solve the pseudo-color problem caused by the inconsistent training speed of the generator and the discriminators in the original network structure. In addition, we have made another two improvements to the original network structure, one is to remove the sigmoid activation function in the last layer of the original discriminator network, and the other is to replace the ReLU layer (Rectified Linear Unit layer) with the combination of batch normalization layer (BN layer) and Leaky_ReLU layer, so that the completion results are more realistic and the edges are more fused. To solve the problems of completing large missing areas or regions located at the border of the image, and overcome the problem of unstable training of adversarial network, this paper proposes an image completion method with large or edge-missing areas, and makes improvements of the network structure used in Iizuka's method. The contributions can be summarized as follows:
•
First, by separating the middle region of the preliminary complemented area and inputting it into the local discriminator for adversarial training overcomes the problems of the existing method, such as ambiguity and distortion when the missing areas are large. It not only ensures the authenticity and clarity of the content of the central area, but also guarantees the local consistency between the central area and surrounding area.
Second, based on the existing network structure, we add a local discriminator 2 to solve the pseudocolor problem caused by the inconsistent training speed of the generator and the discriminators in the original network structure. In addition, we have made another two improvements to the original network structure, one is to remove the sigmoid activation function in the last layer of the original discriminator network, and the other is to replace the ReLU layer (Rectified Linear Unit layer) with the combination of batch normalization layer (BN layer) and Leaky_ReLU layer, so that the completion results are more realistic and the edges are more fused. 
Related Work
At present, many methods have been introduced to solve the problems of image completion. Image completion based on diffusion is the first digital repair method. In this method, missing pixels are filled by diffusing image information from a known region to a missing region at the pixel level. These algorithms are based on variational methods and the partial differential equation (PDE) theory. The PDE algorithm was proposed by Bertalmio et al. [22] . The algorithm is an iterative algorithm, and its primary goal is to propagate the gradient direction and the grey value of the image to the interior of the region to be filled and to solve the demand for high-order partial differential equations in image processing. If the missing areas are small, the PDE algorithm will produce good results. However, when the missing areas are large, the algorithm will take a long time to process and will produce bad results. Vague areas will be produced by the algorithm that make the filling area unnatural. Another more traditional approach is to fill a missing image area with a large external database in a data-driven manner. These methods assume that areas surrounded by similar environments may have similar content [4, 10, 11] , such as Zhu et al. assume that the input image is taken at a well-known landmark, so similar images taken at the same location can be easily found on the Internet. This method is very effective in finding sample images with enough visual similarity to the query but may fail when the query images are not of good quality in the database. These methods also require access to an external database, which greatly limits the possible application scenarios.
Compared with data-driven technology, the sample-based method can perform more complex image filling task and fill large areas of missing regions in natural images. Sample-based image completion method was initially used for texture synthesis by resampling either pixels [23] or whole patches [24] of the original texture to generate a new texture. This method is then extended to image mosaic [25] by image segmentation and texture generation based on energy optimization. In image completion applications, this method has been improved [12, 22, 26] , such as the best patch search method. In particular, Wexler et al. [27] and Simakov et al. [8] proposed a method based on global optimization to obtain a more consistent filling. These techniques were later accelerated by a random block search algorithm (PatchMatch) [5] , allowing real-time advanced image editing. However, sample-based completion method works well only when the missing region is composed of simple structure and texture.
In recent years, deep learning has also shown outstanding results in image completion. It can fill large missing areas while preserving semantic and contextual details and capturing the high-level features of images. Recently, deep neural networks have been used in texture synthesis and image stylization [28] [29] [30] [31] [32] . In particular, Phatak et al. [18] trained an encoder-decoder convolutional neural network (context encoder) with L2 loss and adversarial loss [17] to directly predict lost image regions. This work predicts a reasonable image structure and requires only one forward propagation, which is very fast. Although the results are encouraging, sometimes it lacks fine texture details and creates visible artifacts around the boundaries of the missing areas. In addition, this method is also not suitable for processing high-resolution images. The adversarial network needs to adjust the network parameters inversely according to the loss between the generated image and the real image, so it is difficult to train against the loss when the input is large. In view of the shortcomings of the above methods, Chao Yang et al. [20] proposed using the encoder-decoder convolutional neural network as the global content constraint and the similarity between the missing regions and the original regions as the texture constraint, the two combined to perform image completion. Chao Yang divided the high-resolution image into several steps to enhance the authenticity of the texture information, but it was difficult to ensure the global consistency of the complemented images.
To make sure the consistency of the complemented images, Iizuka uses a global and local consistency method to complete the images [21] . First, the method generates missing regions and the corresponding binary channel mask (1 indicates the region to be completed and 0 indicates the intact region) on the original image randomly. Second, the images with missing regions and corresponding binary channel masks are input into the completion network with the mean square error loss (MSE Loss) of the missing regions in the original image and the complementary regions in the generated image to train the completion network. Third, the generated image and the region centered on the complemented region are input into the global discriminator and the local discriminator respectively while keeping the completion network fixed. The two networks are trained by using the generated adversarial loss. At last, the three networks are trained as a whole with the combination of the three losses. Iizuka's method is better than the existing image completion methods, but there are still problems: (1) when the missing areas are large, the final completion results are blurry; (2) when the missing areas are located at the border of the images, the lack of context information and the inconsistency training speed between the completion network and the discriminator network leads to the problem of blurring and color distortion.
In addition, the networks structure adopted in Iizuka's method is the basic GAN model. One of the most obvious shortcomings of the basic GAN is that the training process is difficult to converge and has great instability. The reasons are that (1) different from the general training process by the gradient descent method, which has a clear objective function, GAN's training is a process of finding Nash equilibrium points. The decrease in the error of either side of the generator and the discriminator during the training process may causes the error of the other party to rise. It is difficult for GAN to reach a relatively balanced state, and always oscillate between various modes of generated samples, one of the most common case is that GAN maps different input samples to the same generated sample, i.e., repeatedly generates the same data. This phenomenon is also called model collapse.
(2) In general, since the iterative speed of the discriminator is quicker than that of the generator, the inconsistent iteration speed of the two will leads to the instability of the GAN model, therefor it is difficult to obtain an optimal model. (3) It is prone to the phenomenon that the gradient disappears during the backpropagation process, which makes the model more difficult to train. In response to the shortcomings of GAN, the researchers derived a series of new models based on the basic GAN model, such as Conditional GAN (cGAN) [33] , Deep Convolutional GAN (DCGAN).) [34] , Wasserstein GAN (wGAN) [35] and so on. Among them, wGAN is mainly to improve the stability of the basic GAN's training. The generation problem can be approximated as a regression problem; however, the last layer of the discriminator in the basic GAN's network structure uses the sigmoid activation function, which approximates the generation problem to the 0-1 two classification problem that causes problems, such as mode collapse and difficulty in convergence, and difficulty for the generator and the discriminator to reach an equilibrium. WGAN improves the stability of the training by removing the last sigmoid function in the last layer of the discriminators.
Combined with wGAN, this paper improves the image completion method and network structure based on the Iizuka's method. (1) On the one hand, by using the central block of the complemented region as the input of the local discriminator 2 added in this paper, the synthesis results are more realistic because the training process is back-propagated in the loss function of the central region and the corresponding region of the real image; (2) On the other hand, the training of the network structure used in Iizuka's method is unstable and difficult to converge. By "widening" the network, i.e., adding the local discriminator 2 in the original network, removing the last sigmoid activation layer of the discriminators and replacing each ReLU layer with the combination of the BN layer and Leaky_ReLU layer, this paper avoids the problems of gradient disappearance, mode collapse, and difficulty in convergence, which make the network structure more stable and the completion results more realistic and clear.
Method
Based on Iizuka's method [21] , we randomly generate blank areas with arbitrary shape on the original image orig to get the input image x and the corresponding binary mask ( Figure 2 ). In the training process, the MSE loss between the complementary region c and the corresponding region in the original image orig is used to train the completion network (Equation (1)). Next, an image block d centered on the complemented region is cropped, the entire generated image and d are input into the global discriminator and the local discriminator respectively and the two networks are trained with generate adversarial loss (GAN loss) (Equation (2)). The preliminary completion result preserved the structural information of the image. The global network discriminator is used to ensure the global consistency of the image, and the local network discriminator is used to maintain the local consistency of the complementary region with other regions.
where C denotes the completion network, D denotes the discriminator networks, M c denotes the input binary mask, and M d denotes the area corresponding to the local area d centered on the missing area in the binary image. However, when the missing areas are large or located at the edge of the image, due to the lack of context information and the instability of the training, the result of the completion of the above three networks may be blurred and the color distorted. Therefore, as shown in Figure 2 , we also generate an image block which located at the center of the missing region. By inputting d into the local discriminator network 2 and calculating the GAN loss (Equation (3)) between d and the original image, the completion result of the central position d of the large missing area has global and local consistency with the surrounding information.
Finally, the entire network structure is trained synchronously with the joint loss of three networks (Equation (4)), where α denotes coefficient of the proportion of the adversarial loss.
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The inputs of the completion network are the entire image with the missing areas and the corresponding binary channel mask. The output is the combined image of the intact area and the completed areas of the input image. Then, the entire generated image is input into the global network discriminator to judge the accuracy of the generated content and to maintain the global consistency of Algorithms 2020, 13, 14 6 of 14 the image. The input of the local network discriminator is a local region centered on the completed region in the generated image, which is used to maintain local consistency of the generated area with other areas. The input of the local network discriminator 2 added herein is to generate a central region of the completed region in the image for determining the accuracy of the generated content of the central region of the large-area missing regions and the local consistency with other regions.
Among them, the completion network adopts an encoder-decoder structure, which includes ten convolution layers, four dilated convolution layers, two deconvolutional layers, and one output layer. Except that the first convolutional layer uses a 5 × 5 convolution kernel, all other convolutional layers and dilated convolutional layers use a 3 × 3 convolution kernel, and the deconvolutional layer uses a 4 × 4 convolution kernel. In Iizuka's method, except for the last layer in the completion network, there is a ReLU layer behind each of the convolutional layers. Since the ReLU activation function ignores the effect of a negative value, the gradient of the neuron is set to 0 when its input is a negative value, causing a "neuron death" phenomenon. For this defect of ReLU, this paper replaces ReLU layers with the combination of the BN layers and the Leaky_ReLU layers. The network backpropagation process is carried out by biasing the error between the actual output and the expected output obtained during the forward propagation of the network, and then adjusting the parameters of each layer of the network. When the network layers are deep, the partial derivative approaches zero when the backpropagation is close to the input layer, which is easy to fall into local optimum. The BN operation keeps the input of each layer the same distribution in the network training process, avoiding above problems. Leaky_ReLU solves the problem that when the input is negative, the output is 0 in the ReLU activation function, avoiding the problem of the gradient disappearing.
In the original network structure, the discriminators train much faster than the generator, which causes the discriminator to easily distinguish which one is a natural image and which one is the generated image, but the gradient that is passed to the completion network in the backpropagation can only make it generates strange textures, which easily cause color distortion problems. In this paper, by "widening" the network structure, i.e., adding a local discriminator, the training speed of the two can be balanced, and the generated texture is more realistic, and pseudo-color is not generated. In addition, the last layer of the discriminators in the Iizuka's method uses the sigmoid activation function to obtain a continuous value in the interval [0, 1] to represent the probability that the image is from the real sample. Since the sigmoid function approximates the image generation problem to a two-class problem, which is easy to cause the gradient disappearance, the mode collapses, and the difficulty to reach equilibrium between generator and discriminators. This paper draws on the idea of wGAN method and removes the last sigmoid activation function, making network training more stable and easier to converge, which resulting in more realistic and clear results. of the completed region in the image for determining the accuracy of the generated content of the central region of the large-area missing regions and the local consistency with other regions. Among them, the completion network adopts an encoder-decoder structure, which includes ten convolution layers, four dilated convolution layers, two deconvolutional layers, and one output layer. Except that the first convolutional layer uses a 5 × 5 convolution kernel, all other convolutional layers and dilated convolutional layers use a 3 × 3 convolution kernel, and the deconvolutional layer uses a 4 × 4 convolution kernel. In Iizuka's method, except for the last layer in the completion network, there is a ReLU layer behind each of the convolutional layers. Since the ReLU activation function ignores the effect of a negative value, the gradient of the neuron is set to 0 when its input is a negative value, causing a "neuron death" phenomenon. For this defect of ReLU, this paper replaces ReLU layers with the combination of the BN layers and the Leaky_ReLU layers. The network backpropagation process is carried out by biasing the error between the actual output and the expected output obtained during the forward propagation of the network, and then adjusting the parameters of each layer of the network. When the network layers are deep, the partial derivative approaches zero when the backpropagation is close to the input layer, which is easy to fall into local optimum. The BN operation keeps the input of each layer the same distribution in the network training process, avoiding above problems. Leaky_ReLU solves the problem that when the input is negative, the output is 0 in the ReLU activation function, avoiding the problem of the gradient disappearing.
In the original network structure, the discriminators train much faster than the generator, which causes the discriminator to easily distinguish which one is a natural image and which one is the generated image, but the gradient that is passed to the completion network in the backpropagation can only make it generates strange textures, which easily cause color distortion problems. In this paper, by "widening" the network structure, i.e., adding a local discriminator, the training speed of the two can be balanced, and the generated texture is more realistic, and pseudo-color is not generated. In addition, the last layer of the discriminators in the Iizuka's method uses the sigmoid activation function to obtain a continuous value in the interval [0, 1] to represent the probability that the image is from the real sample. Since the sigmoid function approximates the image generation problem to a two-class problem, which is easy to cause the gradient disappearance, the mode collapses, and the difficulty to reach equilibrium between generator and discriminators. This paper draws on the idea of wGAN method and removes the last sigmoid activation function, making network training more stable and easier to converge, which resulting in more realistic and clear results. The experiment is based on TensorFlow framework and implemented in python. The training process is similar to Iizuka's method, i.e., the completion network is iteratively trained T c times; then, the three discriminator networks are trained T d times; finally, the entire network is iteratively trained T train times until the network is stable. The data set used in the experiment contains pictures of grass downloaded from Baidu and Google Chrome image search engine, where the training set contains 1000 images, and the test set contains 120 images. The training set used in this paper is not large, only contains 1000 pictures, but for the grass-like texture with local similarity, good experimental results can be obtained, which can reflect the advantages of this method. In our experiment, the batch size is set to 16. The input of the completion network is a 256 × 256 picture with missing areas and a corresponding mask picture. The missing area is set to an area of 80 × 80 to 128 × 128 randomly generated at the original images. The number of iterations of the completion network is 4000 times; the input of the global discriminator which maintains the global consistency of the synthesis result is a 256 × 256 picture of the completion network output. The input of the local discriminator is the center of the synthesis result of the completion network. The area of 128 × 128 maintains the local consistency of the missing area and the context. The input of the local discriminator 2 is the 64 × 64 area in the center of the missing area in the synthesis result. The number of iterations of the discriminators is 1500. The completion network and the discriminators are iterated 8000 times together. The iteration required a week to process on the NVIDIA 1080Ti graphics card.
Results
To compare the experimental results, we tested the Iizuka method using the same parameters as our method. The experimental results are shown in Figure 4 . large, only contains 1000 pictures, but for the grass-like texture with local similarity, good experimental results can be obtained, which can reflect the advantages of this method. In our experiment, the batch size is set to 16. The input of the completion network is a 256 × 256 picture with missing areas and a corresponding mask picture. The missing area is set to an area of 80 × 80 to 128 × 128 randomly generated at the original images. The number of iterations of the completion network is 4000 times; the input of the global discriminator which maintains the global consistency of the synthesis result is a 256 × 256 picture of the completion network output. The input of the local discriminator is the center of the synthesis result of the completion network. The area of 128 × 128 maintains the local consistency of the missing area and the context. The input of the local discriminator 2 is the 64 × 64 area in the center of the missing area in the synthesis result. The number of iterations of the discriminators is 1500. The completion network and the discriminators are iterated 8000 times together. The iteration required a week to process on the NVIDIA 1080Ti graphics card.
To compare the experimental results, we tested the Iizuka method using the same parameters as our method. The experimental results are shown in Figure 4 . The results show that when the missing area is large (the width and length are both more than 50% in this case) or located at the border of the image, the results of the completion of the Iizuka's method are ambiguous. In Figure 4 , the size of the input images of (1) to (3) is 256 × 256 pixels, wherein the missing area is an area of 128 × 128 size located at the center of the image, i.e., 1/4 size of the input image. It can be seen from the figures that the completion results of Iizuka's method will be blurred, distorted, etc., especially the difference at the boundary of the missing area is obvious. In this paper, both the global and local consistency of the completed image are considered. At the same time, the central region of the missing region in the preliminary completion result is input into the local discriminator 2 for confrontation training to guarantee the authenticity of the texture information, so the results of this paper are more clear and realistic; The input image of (4) contains a plurality of missing regions, wherein the missing regions are randomly distributed at different positions of the image. Due to the lack of context information, the completion result of the Iizuka's method will have obvious blank areas.
In addition, when the missing area is large and located at the edge of the image, as shown in (5) to (8) , the Iizuka's method's completion results contains pseudo-color in addition to the large-area blank. This is because the iteration speed of the discriminator in the Iizuka's method is quicker than the generator, which causes the instability training of generated adversarial network. We measured the running time of the discriminators and generator in the Iizuka's method and found that the generator running time is 50% slower than the discriminators average, which causes the discriminator to easily distinguish which one is a natural image and which one is the generated image. The gradient only makes the generator generates strange textures that produce pseudo-colors during backpropagation. In this paper, the local discriminator 2, i.e., the "widening" network, is added to balance the training speed of the generator and discriminators. In addition, we also replace the ReLU layer behind each convolution layer with the combination of BN layer and Leaky_ReLU layer, and remove the sigmoid activation function of the last layer of the discriminator, avoiding gradient disappearance and pattern collapse and other problems during network training, which makes the network training more stable. Experiments show that the difference between the running speed of our network and Iizuka's method network is only 10%. This improvement makes the network training more stable and easier to converge, and overcomes the defects of generating pseudo-color in Iizuka's method, making the result more realistic. In Figures 4-7 , our synthesis The results show that when the missing area is large (the width and length are both more than 50% in this case) or located at the border of the image, the results of the completion of the Iizuka's method are ambiguous. In Figure 4 , the size of the input images of (1) to (3) is 256 × 256 pixels, wherein the missing area is an area of 128 × 128 size located at the center of the image, i.e., 1/4 size of the input image. It can be seen from the figures that the completion results of Iizuka's method will be blurred, distorted, etc., especially the difference at the boundary of the missing area is obvious. In this paper, both the global and local consistency of the completed image are considered. At the same time, the central region of the missing region in the preliminary completion result is input into the local discriminator 2 for confrontation training to guarantee the authenticity of the texture information, so the results of this paper are more clear and realistic; The input image of (4) contains a plurality of missing regions, wherein the missing regions are randomly distributed at different positions of the image. Due to the lack of context information, the completion result of the Iizuka's method will have obvious blank areas.
In addition, when the missing area is large and located at the edge of the image, as shown in (5) to (8) , the Iizuka's method's completion results contains pseudo-color in addition to the large-area blank. This is because the iteration speed of the discriminator in the Iizuka's method is quicker than the generator, which causes the instability training of generated adversarial network. We measured the running time of the discriminators and generator in the Iizuka's method and found that the generator running time is 50% slower than the discriminators average, which causes the discriminator to easily distinguish which one is a natural image and which one is the generated image. The gradient only makes the generator generates strange textures that produce pseudo-colors during backpropagation. In this paper, the local discriminator 2, i.e., the "widening" network, is added to balance the training speed of the generator and discriminators. In addition, we also replace the ReLU layer behind each convolution layer with the combination of BN layer and Leaky_ReLU layer, and remove the sigmoid activation function of the last layer of the discriminator, avoiding gradient disappearance and pattern collapse and other problems during network training, which makes the network training more stable. Experiments show that the difference between the running speed of our network and Iizuka's method network is only 10%. This improvement makes the network training more stable and easier to converge, and overcomes the defects of generating pseudo-color in Iizuka's method, making the result more realistic. In Figures 4-7 , our synthesis results are clearer and more realistic than Iizuka's method, but due to the lack of context information, blank areas still appear. This is a problem that we still need to improve.
We use a combination of MSE and structural similarity (SSIM) to evaluate the similarity of the complemented images and the original images. Among them, the MSE is used to compare the absolute error between image pixels, i.e., the difference between pixels, and the SSIM is used to evaluate the internal dependence between image pixels, i.e., human visual perception on images. The smaller the MSE and the greater the SSIM are, the more similar the images are. Figure 5 shows the MSE result pairs and Figure 6 shows the SSIM result pairs of the Iizuka's method and our method on images of Figure 4 . The red line denotes our method's results and the green line denotes Iizuka's method's results.
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The following is another set of experimental results. We used the same parameter settings as the grass to train and complete the image of the barbed wire with certain structural features. The result of the completion is shown in Figure 9 .
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However, there are still limitations of our method. Since there is a lack of context information, the results of our method still have small blank areas when the large missing area is located at the border of the image. Whether it is possible to match the appropriate context information in the image library will be an interesting way to explore.
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